Friction-stir-welding (FSW) is a solid-state joining process where joint properties are dependent on welding process parameters. In the current study three critical process parameters including spindle speed ( ), plunge force ( ), and welding speed ( ) are considered key factors in the determination of ultimate tensile strength (UTS) of welded aluminum alloy joints. A total of 73 weld schedules were welded and tensile properties were subsequently obtained experimentally. It is observed that all three process parameters have direct influence on UTS of the welded joints. Utilizing experimental data, an optimized adaptive neuro-fuzzy inference system (ANFIS) model has been developed to predict UTS of FSW joints. A total of 1200 models were developed by varying the number of membership functions (MFs), type of MFs, and combination of four input variables ( , , , ) utilizing a MATLAB platform. Note EFI denotes an empirical force index derived from the three process parameters. For comparison, optimized artificial neural network (ANN) models were also developed to predict UTS from FSW process parameters. By comparing ANFIS and ANN predicted results, it was found that optimized ANFIS models provide better results than ANN. This newly developed best ANFIS model could be utilized for prediction of UTS of FSW joints.
Artificial Neural Network (ANN)
The first artificial neural network (ANN) was invented in 1958 by psychologist Frank Rosenblatt called 'perceptron'. ANN is a computational model, which replicates the function of a biological network composed of neurons. ANN is often used to model complex nonlinear functions in various applications. The basic unit in the ANN is the neuron. Neurons are connected to each other by links known as synapses. Andersen et al. (1990) first applied ANN in the welding area to predict weld bead shape for the gas tungsten arc welding (GTAW) process [30] . Researchers have also applied ANN to develop predictive models for FSW joints [18] [19] [20] [21] [22] [23] . A multilayer perceptron ANN system has three layers which are input, hidden, and output layers. The input layer consists of all the input factors. Information from input layer is then processed in the hidden layers, and then followed by the output layer ( Figure 1 ). Details on the neural network modeling approach are given elsewhere [31] . Multilayer perceptron ANN can be learned using various algorithms; well-known learning algorithms include back-propagation, counter-propagation, and genetic algorithms. Backpropagation neural network has been usually used to model welding processes [32] ; hence, it is adopted in this work. In building the model-input variables, training functions, and number of nodes in the hidden layer were varied to obtain a model that produces lowest root mean square error (RMSE) and mean absolute percentage error (MAPE). MATLAB (R2012a) platform was utilized to train and test the ANNs.
Adaptive Neuro-Fuzzy Inference System (ANFIS)
Adaptive Neuro-fuzzy Inference System (ANFIS) is a class of adaptive network framework proposed by Jang [24] . ANFIS constructs an input-output mapping based on human knowledge and generates input-output data pairs by using a hybrid algorithm. According to Jang, the ANFIS is a neural network that is functionally similar to the Takagi-Sugeno-Kang (TSK) type inference model [33] . The TSK rules can be described in equation (1) .
Where is the ℎ input ( = 1, 2, … … . , ), 1 1 is the ℎ linguistic term defined as a fuzzy membership function on , and the mapping function could be linear, nonlinear, or simply a real number [34] . Five distinct layers are used to explain the concept of the ANFIS structure [24] .
The first layer is the fuzzification layer where crisp inputs are transformed into membership values by using the membership function at the node i. The output can be stated as equation (2) .
Where is the ℎ membership function for the input .
The second layer is the rule base layer. It calculates the firing strength for the next layer by multiplying linguistic inputs (assuming 2) to node i of this layer (equation (3)).
The third layer performs the normalization of membership values. The normalized firing strength at node i of this layer is obtained using equation (4) . 3 = ̅̅̅ = / ∑ =1 ; = 1, 2,3 …
K denotes number of nodes in this layer, with each corresponding to a unique rule.
The fourth layer is the adaptive layer. The relation between inputs (assuming 2, i.e., x and y) and output can be defined as equation (5).
Where parameters s i , f i , and n i of node i in this layer are called consequent parameters.
The fifth layer is the de-fuzzification layer and the output is the final result of all fuzzy rules. The results can be described as equation (6).
Where denotes the inferred output of the ANFIS rule i. Like neural network, in an ANFIS structure, the inputs of each layer are obtained from the nodes of the previous layer. Considering an ANFIS network with n inputs ( 1 … ) and each input having membership functions (MFs), the number of nodes ( ) in first layer is equal to the product of as number of inputs and as number of MFs ( = . ). The number of nodes in other layers (layer 2-4) relates to the number of fuzzy rules [24] . Figure 2 illustrates a typical ANFIS structure showing 5 different layers.
Figure 2:
Schematic of ANFIS architecture for two inputs and two rules based on the first-order Sugeno model [24] Construction of an ANFIS model requires the partition of the input-output data into rule patches. This can be achieved by using three different Generate Fuzzy Inference System ( ) methods, i.e., grid partitioning, subtractive clustering method, and fuzzy c-means (FCM) [35] . In the Matlab FUZZY Toolbox, these are named GENFIS1, GENFIS2, and GENFIS3. GENFIS1
produces grid partitioning of the input space and GENFIS2 uses subtractive clustering to produce a scattering partition to define the membership functions. GENFIS3 uses fuzzy c-means (FCM) as a mechanism to cluster the inputs. Apart from structure identification, a fuzzy inference system has many other parameters that can be optimized, i.e., membership-function parameters and ruleconsequent parameters [35] . Success in obtaining a reliable and robust model depends heavily on the choice of the domain used for construction and training purposes. Important factors that contribute to produce an accurate ANFIS model include type of fuzzy based rule, number of MFs, and their function types. In this paper, a first order TSK type fuzzy-based rule is used for the creation of predictive models. Thereafter, different MF types (triangular, generalized bell, Gaussian, Gaussian combination) are applied to obtain the best model that produces minimum root mean square error (RMSE) and mean absolute percentage error (MAPE).
Leave-One-Out Cross Validation (LOO-CV) Approach
The leave-one-out cross-validation (LOO-CV) approach is a useful validation method for small data sets and has been applied for model selection [36] . In this technique, one sample is left out and the remaining samples are utilized to build a model. If numbers of samples are available in a given data set, each model is trained with − 1 samples and tested with the sample left out.
This process is repeated times until every sample in the data set are utilized once as a crossvalidation instance. Finally, the RMSE and MAPE are calculated using equations 7 and 8, respectively. The model with minimum RMSE and MAPE is then selected [26] .
Where, total number of samples, is experimental output, and is ANFIS model predicted output. After welding, the crown surfaces of each panel were ground. Specimens were thereafter prepared for tensile tests. Three tensile specimens for each weld schedule were cut according to AWS specification for FSW of aluminum alloys [37] and tested according to ASTM E8/8M-11 at 1.0 mm/min cross head speed. Dog-bone tensile test specimens before and after tensile tests are shown in Figure 4 (a,b). During the tensile testing an extensometer was attached at the center of the specimens to acquire engineering strain values ( Figure 4c ). 
Experiments and Results

Experiments
Experimental results
For a particular pin tool and clamping condition, the quality of a weld largely depends on three critical process parameters, i.e. spindle speed ( ), welding speed ( ), and plunge force ( ).
All three critical process parameters determine the heat input [38, 39] Figure 6 . The grain growth in weld nugget (WN) zone is related to heat input during the welding process [40] . The weld nugget of a defect free FSW joint is commonly composed of fine equiaxed grains ( Figure 6a ). The high heat input in hot weld has resulted in growth of dynamically recrystallized grain in weld nugget zone ( Figure 6b ).
Alternatively, low heat input in cold welds hinder formation of fully dynamically recrystallized equiaxed grain ( Figure 6c ). The presence of weld defects and variations in microstructures are related to lower tensile properties of cold and hot welds joints. 
ANFIS Modeling and Validation
Input variables for ANFIS model
To obtain an optimized ANFIS model, a total of four input variables were utilized. The initial study began with only the three critical process parameters ( , , and ) as input variables.
Thereafter, another input variable (i.e. empirical force index) is introduced to build a better ANFIS model. The empirical force index ( ) is derived from the three critical process parameters ( , ), as discussed below.
In a FSW process, the spindle speed ( ) and welding speed ( ) has opposite consequences on the frictional heat generation [41] . It is believed that a better way to represent welding process parameters in a more concise manner can be achieved by combining and together [42] for the purpose of creating a 2-D plot to represent weld schedules. A dimensionless speed ratio (R) has been proposed as a function of and for correlating with plunge force ( ). To obtain a dimensionless speed ratio, was multiplied with the circumference of the pin-tool (2 ) and divided with V. After multiplying N with (2 ), a unit similar to welding speed is obtained ( . . /min ). The dimensionless speed ratio ( ) is expressed in equation (9) . Here, r is the pin tool radius. 
The effect of individual process parameters on UTS is shown in Figure 8 . Figure It is also observed that as the speed ratio increases, a lower plunge force is required for achieving defect free nominal welds with higher UTS. Using a non-linear regression approach, a correlation between plunge force and speed ratio for producing defect free nominal welds can be written as equation (10).
Where, is the plunge force and is the dimensionless speed ratio. The Constant 1 and the exponent 2 depend on welding material, pin tool design, and other welding conditions (e.g., clamping condition, chill bar, backing plate, environmental temperature conditions, etc.). These constants C1 and C2 can be determined experimentally. In the current study, the values of 1 and the exponent 2 are 256.93 and 0.561, respectively, fitted from defect-free nominal weld data. In other words, equation (10) has been found to be valid for defect-free nominal welds. Now, the EFI can be written as seen in equation (11), which is a dimensionless ratio. When this non-dimensional EFI value deviates from unity, defect free welding conditions are lost. 
Building a better ANFIS model to predict tensile strength
The experimental investigation indicates three critical process parameters ( , , ) have direct influence on UTS of FSW joints. It is desirable to obtain a model that is able to accurately predict tensile strength for a given set of FSW process parameters. In this study an optimized adaptive neuro-fuzzy inference system (ANFIS) is developed to predict tensile strength as a function of four input variables ( , , , ) using experimental data listed in Table 1 .
A preliminary study was first conducted using an exhaustive search technique to obtain a best input parameter set. Before the exhaustive search, all 73 data points were randomized and divided into 50 training instances and 23 testing data instances. The same procedure was repeated four times. Figure 11 indicates that for the same data set, different runs result in different results.
The variation might be caused by randomization and the bias in dividing training and testing data.
To avoid this issue, all possible combinations of four input variables were subsequently tested with the leave-one-out cross validation (LOO-CV) technique to develop the best ANFIS model. Details of developing the optimized ANFIS model are discussed below. Based on the LOO-CV technique a total of 73 data pairs of actual experimental outputs and ANFIS predicted outputs were obtained for each model. In Figure 12 , the ANFIS predicted and experimental UTS values are plotted for best ANFIS model developed using three input variables.
If the actual experimental and ANFIS predicted UTS values match perfectly, then all points should follow the diagonal line. Figure 13 . In Figure 13 , a lesser amount of scattering is observed as compared to Figure 12 In previous sections, GENFIS1 structure was applied and optimized by varying combinations of input variables, number, and type of membership functions. As mentioned before, 1 produces grid partitioning of the input space. To investigate performances, the other two partitioning methods for generating initial fuzzy inference system, namely 2 Table 4 . ANFIS predicted UTS values are comparable with the experimental data. The details of the best ANFIS model are given in Table 5 . Figure 14 for the model generated ) and dividing the 73 data sets into training (43 data), testing (15 data), and validation (15 data) sets. Before partitioning, the data was randomized. For the same data set and same ANN structure (4-10-1), different runs resulted in different results. To avoid the variation, the LOO-CV approach was utilized to build ANN models, similar to building ANFIS models.  The developed best ANFIS model can be applied to select weld process parameters to achieve desirable joint strength and incorporated into an optimization model for further optimization studies.
The same fixed pin is used throughout this study. In the future, the effect of pin tool design will be incorporated in the model to make the model more powerful. To this end, far more data is needed. 
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